The Xinjiang is an important coal production base in China and also a serious coal fire disaster area. Coal fires not only waste resources, but also cause air pollution and damage to the ecological environment. Hence, it is very important to identify and monitor the underground coal fire areas accurately and efficiently for the control of coal fires. Interferometric synthetic aperture radar (InSAR) technology identifies and monitors coal fire areas by monitoring surface subsidence caused by burned out area. Compared with traditional coal fire monitoring technology, InSAR technology has the advantages of allweather and high efficiency. But the fire areas are often distributed in wild areas, this factor significantly limits the application of the traditional Persistent Scatterer interferometry (PSI) technology. In addition, Xinjiang coal fires are mostly located in historical goafs, so it is necessary to distinguish the subsidence caused by mining and coal fires. Therefore, distributed scatterer interferometry (DSI) technology is used to monitor the Miquan fire area in Xinjiang in this paper. The results show that compared with PSI technology, DSI technology can expand the number of effective monitoring points 124 times. On this basis, spatiotemporal analysis of surface subsidence in the study area suggests that the subsidence caused by mining and coal fires exhibits significantly different space-time evolution rules. Therefore, in the future, the coal fire area and mining area can be separated and identified according to these rules. The final identified coal fire area contains all measured coal fire points, and accurately monitors the fire extinguishing area.
I. INTRODUCTION
Xinjiang is one of the coal-rich areas in China, but it is also a serious area of coal fire hazards [1] . Eight enormous coal fire zones were identified in Xinjiang, north of the Altay grassland and south of the Pamirs where coal fires have occurred, and the annual fire areas continue to increase. This is because there are many small abandoned coal kilns and mines The associate editor coordinating the review of this manuscript and approving it for publication was Tossapon Boongoen .
in Xinjiang, which cause many cracks and fissures. After oxygen comes into contact with underground coal through fissures, the coal begins to oxidize and heats up. In the hot and dry environment of Xinjiang, the coal ignition point can be easily reached, which will eventually lead to coal fire hazards. Coal fires will cause a lot of waste of resources and environmental pollution. At the same time, the combustion space area generated by coal combustion will change the balance of overlying rock stress. Once gravity of rock layer is likely to be larger than the overlying rock stress such that subsidence may occur, resulting in a series of cracks, fissures and collapses. The resulting oxygen ingress accelerates the spread of coal fires, leading to a vicious cycle of ''combustion-collapsecombustion'', which seriously endanger the local infrastructure and the safety of people's lives and property [2] - [7] . Therefore, there is an urgent need to identify and monitor coal fire areas, track the dynamic changes in coal fire, and provide support for firefighting projects.
Thermal infrared remote sensing is the most common method for the monitoring of coal fires [8] . However, it is difficult for this method to monitor deep coal fires and account for the temperature inversion errors due to disturbances by ground objects. In addition, it is unable to detect phenomena such as land subsidence and collapse caused by coal fire combustion, development, or extinction. Surface cracks, fissures, collapses, etc., caused by subsidence can accelerate the development of existing coal fires, and new cracks, fissures, and collapses may trigger new fires [9] . Hence, it is very necessary to monitor the subsidence of coal fire areas. However, it is important to address the problem of non-coal fire induced subsidence and achieve accurate inversion when using subsidence information to delineate and monitor fire areas [10] . Given that the interlaced distribution of mine and coal fire areas in Xinjiang, it is necessary to eliminate the influence of subsidence caused by abandoned mines. In addition, there are few studies on monitoring fire area using InSAR technology at present. Some researchers studied the Wuda fire areas using traditional interferometric synthetic aperture radar (InSAR) and found that InSAR technology has the potential to monitor fire areas [11] , [12] . However, the fire areas mainly constitute bare land with gravel, dinas, loose soil, sparse vegetation. This factor lack persistent scatterers (PS), the number of monitoring points obtained using traditional time-series InSAR is small, the spatial density is typically low, and the atmospheric correction error is high [13] . Therefore, it is difficult to clearly indicate the range and strength of the fire area subsidence, let alone exclude the subsidence caused by non-coal fires.
First, to solve the problem of an insufficient number of monitoring points, distributed scatterers (DS) with high coherence in research area are used to accomplish time series interferometry. DS are those that have the same scattering characteristics, which normally involve a coherent sum of many independent small scatterers without one being dominant in a resolution unit, i.e. water, bare soil, grassland, etc. [14] . Successful application of DS requires statistically homogeneous pixel (SHP) identification and phase optimization. Existing methods for SHP identification employ the two-sample Kolmogorov-Smirnov (KS) test [15] , mean amplitude and mean amplitude difference [16] , polarimetry information [17] , confidence interval based on the central limit theorem [18] , one-sample test [19] , similarity test of the covariance matrix [20] , geometric distance and target features [21] , various amplitude statistics [22] , and nonlocal filters [23] , [24] . Most of these methods can effectively solve the problem of SHP identification although they differ in terms of their efficiency and robustness. Further, existing phase optimization methods mainly involve maximum likelihood estimation, whole-period least squares estimation, unconstrained nonlinear optimal estimation, and their variants [25] - [27] . However, these methods cannot distinguish multiple scattering mechanisms in a single resolution unit, which may affect their accuracy. Therefore, for Sentinel data with low resolution and different types of ground targets in the fire area, sample coherence matrix eigenvalue decomposition (EVD) is used to optimize phase. This method can distinguish multiple scattering mechanisms in a single resolution unit to further improve the phase optimization accuracy. Second, based on the high-density monitoring points obtained by DSI technology, this paper proposes to distinguish the two deformation areas according to the different spatial and temporal characteristics of surface deformation caused by mining and coal fires, and then accurately identify and monitor the coal fire areas.
This paper is organized as follows. The study area and data acquisition are presented in Section 2. Section 3 describes the proposed coal fire monitoring method. The results obtained from the above method over the Miquan coalfield using Sentinel-1A data are then presented in Section 4. Simple assessment of results and further spatio-temporal analysis are also presented in this section. The results are also verified. In Section 5, Some problems in the process of the above result and analysis are discussed. Finally, conclusions are given in section 6.
II. STUDY AREA AND DATA A. STUDY AREA
The study area is located in the southern part of Miquan City, Urumqi (see Figure 1a ). Its geodetic coordinates are 87 • 40 − 87 • 50' E and 43 • 52 − 43 • 57' N, i.e., it extends over 8 km from north to south and 12 km from east to west, as shown in Figure 1b . The red dotted line in Figure 1b represents the approximate range of the Miquan fire area from 2002 to 2019. The black dotted line in Figure 1b represents historical mining areas. Severe coal fire hazards in the study area are mainly caused by the following reasons. Firstly, the coal has a high tendency for spontaneous combustion. Long-flame coal and non-stick coal with low metamorphism account for 91% of the coal seams in the study area. Most of the coal seams are characterized by low moisture, low ash, and high volatility. With these properties, ignition temperature of coal is lower and the contact area with oxygen is larger [28] . Secondly, the underground coal in the study area is easily exposed to oxygen. The mining in the study area has a long history, with numerous crack zones on its surface and a large number of small abandoned coal kilns that have not been treated safely. Hence, the underground coal seams are easily oxidized and heated owing to their exposure to sufficient oxygen [29] . Thirdly, the climate in the study area can easily cause the underground coal to oxidize and heat up. This study area belongs to the temperate continental climate, with a large temperature difference between day and night, high summer temperature, and annual precipitation of less than 100 mm, i.e., a hot and dry climate [30] . In addition, the severity of the coal fires is enhanced by the shallow depth, large thickness, and steep inclination of the coal seams. The Miquan fire zone in the study area can be regarded as a typical case of coal fires caused by a small abandoned coal kiln, and where a firefighting project was initiated in 2016. However, the Miquan Sandaoba coal seam is more than 10 meters thick, its dip angle is more than 70 • , and the crack around the fire area is deep. Hence, the resultant fires are fierce and they spread rapidly, so the fire extinguishing project is arduous. The Figure 1c shows the on-site of fire extinguishing in the study area, but as can be seen from the figure, there is still a lot of smoke. The Figure 1d shows the land classification results, which indicates that the study area is mainly divided into buildings, bare land, and vegetation; bare land and vegetation area account for 91% of the area. Therefore, subsidence monitoring in this area should fully exploit the DS.
B. DATASETS
The radar image data used in this study is Sentinel-1 data. Sentinel satellites are categorized into A and B satellites. In theory, the revisit period of a single satellite is 12 d, the revisit period of both satellites is 6 d, and the azimuth and range resolution are 5 m and 20 m, respectively, which provide sufficient data for short-term and high-precision monitoring [31] - [33] . For this experiment, we selected 38 Sentinel-1A data from January 2015 to December 2017, This period includes different periods before and after fire extinguishing project, which is convenient for comparative analysis of subsidence phenomena before and after fire extinguishing project. The master image was 2016.05.06, the relative orbit was 41, and the polarization mode was VV. A 90 m shuttle radar topography mission digital elevation model (DEM) from the United States Geological Survey was adopted to simulate and subtract the topographic contribution, and to georeference the interferograms. The spatiotemporal baseline map is shown in Figure 2 . 
III. METHODS
In order to accurately identify and monitor coal fires using subsidence information. Firstly, PS and DS in the study area are fully exploited and we obtain rich and accurate subsidence information of the study area. Then, we use subsidence information to conduct spatio-temporal analysis to remove the impact of non-coal fires. Finally, we determine the coal fire area. The method mainly includes pre-processing, PS preprocessing, DS pre-processing, and joint analysis of PS and DS, as shown in the flowchart in Figure 3 .
A. PRE-PROCESSING
This step is the traditional coregistration process. First, the precise orbit data are used to reduce the orbital error. Then, the enhanced spectral diversity (ESD) method is used to accurately coregister the slave images to the master image [34] . Finally, the re-sampled SLCs are obtained.
B. DS PRE-PROCESSING
To maximize the availability of the DS in the study area, this study adopts the two-sample t-test and the coherence matrix EVD method for SHP identification and phase optimization. This method can effectively mitigate the impact of some problems [35] , [36] , including an excessive proportion of distributed targets in the study area and wild features with different scattering mechanisms.
1) TWO-SAMPLE T-TEST
The two-sample t-test is established under the condition that the sample distribution function is known for similarity recognition. By judging whether there is a significant difference between the mean values of the two samples to identify the SHP, the method is not only highly robust in a small sample region but also appropriate for a research area where the proportion of distributed target is large. The two-sample t-test is defined as:
where µ 1 and µ 2 are the average amplitudes of the two samples, respectively. Then, the following formula is employed for the computation of the sample test statistics:
where N is the amplitude sample size, P 1 , P 2 are the reference pixel and the pixel to be detected, respectively,Ā (P) is the pixel amplitude mean, and σ 2 (P 2 ) is the pixel variance. Further, the t-statistics obey the t distribution. To reduce the error, the significance level is set to 0.95 and the search window is set to 15 × 15. In addition, the points with SHPs > 20 are used as the DS candidates [15] .
2) PHASE OPTIMIZATION METHOD
Phase optimization is a key step after SHP identification. It is based on the coherence matrix of the SHP and it fits the best phase under the principle of phase consistency. The sample coherence matrix EVD method is used in this study. Phase optimization is achieved by decomposing a relatively dominant scattering object and satisfying the phase consistency. This method can effectively separate and estimate multiple scattering mechanisms (DS-MSM) and obtain the corresponding phase components, which can be appropriate for wild area such as fire zones, where there are different wild features, including bare rocks and loose soil, in a single resolution unit. The statistical sample coherence matrix includes not only the interferometric phase information but also the coherence estimation that measures the phase quality of the interference. The matrix is expressed in (3), as shown at the bottom of this page, where each element exp jϕ m,n represents a differential interference phase composed of the mth and nth SAR images, and each element γ m,n is a coherence estimate that describes the interference quality of the interference phase.
The EVD formula based on the sample coherence matrix is given by
where λ i is the eigenvalue and is the corresponding eigenvector. Because the coherence matrix includes the influence of random noise, there are only n(0 < n < N ) relatively dominant scattering mechanisms in the coherent matrix. The eigenvalues λ 1 , λ 2 , . . . λ n and the eigenvectors u 1 , u 2 , . . . u n represent the weights of the n relatively dominant scattering mechanisms and the corresponding phase components, respectively. The eigenvectors corresponding to the remaining N-n eigenvalues are determined as noise phase components. Hence, the coherence matrix after noise removal can be expressed as the sum of the coherence matrices obtained by the interaction of multiple scattering mechanisms.
However, the number n of dominant scattering mechanisms in the resolution unit is unknown, and it is impossible to accurately determine the number of valid eigenvalues. Considering the orthogonal properties between the relatively dominant scattering mechanisms obtained by the EVD of the coherent matrix, the phase component of the eigenvector corresponding to the largest eigenvalue is generally determined as the optimized phase estimation value. This overcomes the problem of the unknown number of dominant scattering mechanisms in the resolution unit. Finally, the maximum eigenvalue and its corresponding eigenvector are obtained. The phase component in this feature vector is extracted as the optimized phase value of the distributed target.
3) OPTIMIZATION EVALUATION METHOD
To ensure the quality of phase optimization, this study sets the time coherence (γ Temporal cohernce ) to evaluate the optimized phase as the standard for the final DSs selection. The formula is as follows:
where γ Temporal cohernce is time coherence value of the distributed target,φ om andφ on are the optimized phases of the distributed targets in a single master image, andφ om is the interference phases of the mth and nth images. The points that exceed the γ Temporal cohernce threshold are regarded as the final DSs.
C. PS PRE-PROCESSING
The first step of PS pre-processing is to determine whether the pre-selected PSs satisfy the amplitude dispersion. The data that meet the threshold are filtered, and the filtered phase noise is then calculated. The pre-selected PSs is further verified by determining whether the phase noise converges to the phase standard deviation and the noise threshold. The obtained pre-selected PSs are re-estimated and the residuals are iteratively calculated; then, the pre-selected PSs satisfy all the above conditions become the true PSs [37] , [38] . The finally selected PSs with their original phase values are used for further time series processing. Before fusing DSs, We use standard PSI tool to get PSI result [39] .
D. FUSION AND SUBSIDENCE INVERSION PROCESSING
The DSs with estimated optimal phases are equivalent to quasi-PSs. They can be combined with PSs for further analysis using a standard PSI tool. Here the StaMPS/PSI processing program. DSs that coincide with PSs are dropped. Once the DSs and PSs are selected, the Delaunay triangulation can be constructed for phase analysis. The triangular mesh joining the DSs with the PSs has more points, which is beneficial for 3D phase unwrapping of the differential interference phase [40] . 3D phase unwrapping is then implemented to unwrap the interferometric phase in temporal and spatial dimensions [41] . Then, the atmospheric and orbital errors are estimated by spatio-temporal filtering. Finally, the differential interference phase is subtracted from the two errors to obtain the deformation rate and time series LOS displacement maps [42] . 
IV. RESULT AND ANALYSIS A. SHP ANALYSIS
On the basis of the obtained classification results in Figure 1 (d), areas 1 and 2 delineated in Figure 4a are urban areas and vegetation areas, while the rest are bare land areas. Figure 4b illustrates the SHP identified by the two-sample t-test on the stack of 38 Sentinel-1A images for the study area using a 15 * 15 window size. There are four places where the number of SHPs is large, namely the right side of region 1, region 2, and region 3. Therefore, we know that there are more SHPs in vegetation and mountain ridge areas, but fewer in bare land areas and urban areas. It is worth mentioning that on the right side of area 1 is a mixture of a few buildings and a large amount of bare land; hence, it should belong to bare land. However, the number of SHPs in this area is different from that in bare land in wild areas, showing a large number of SHPs. The reasons will be explained in the discussion section.
To reduce the SHPs identification error, the central pixel of search window would be selected as initial DS candidates if the number of SHPs exceeded 20 pixels It can be seen from the figure 4b that most regions of the study area can be regarded as DS candidates, and the distribution of the number of SHPs almost coincides with the type of land features. Thus, the SHPs identification results are excellent.
B. PHASE OPTIMIZATION ANALYSIS
The phase optimization quality of DSI plays an important role in the selection of the final DSs. Therefore, this study compares the coherence and phase value before and after optimization in the study area for optimization quality analysis. The selected interference pair is 2016.0506-2015.04.18. The interference time-space baseline remains relatively large in all the interference pairs, and the time-space de-coherence phenomenon is more serious.
From the coherence map before optimization, it can be clearly found that the overall coherence is low (Figure 5a ), and the overall coherence of the optimized coherent map has been improved (Figure 5b ). From the coherence histogram, we can know more qualitatively that the coherence has increased from 0.35 to 0.70 (see Figure 5c and Figure 5d ). The coherence between mining area and coal fire area concerned in this paper has also been greatly improved, but the coherence of vegetation area is still low. In view of the optimization quality of mining area and fire area, the following comparative analysis is carried out.
Coherence histograms of mining area and fire area are shown in Figure 6 . Figure 6a compares the mining area results. The histogram shows that the coherence value mainly changes from the low coherence zone to the high coherence zone, and the average coherence value increases from 0.299 to 0.74, i.e., an increase of 0.441. The change in the coherence values before and after optimization of the coal fire area is not obvious compared to that in the mining area. Only part of the coherence value is accumulated in the high coherence area, and the average coherence value increases from 0.292 to 0.60, i.e., an increase of 0.308 (see Figure 6b ). To further compare the optimization quality, this paper depicts the two arrows named L1 and L2 in Figure 5b . Then, we extract the partial phase values before and after optimization of the two arrows in each interferogram. We extract three points equally spaced in the direction of the arrow. The time-series phase value comparison results are shown in Figures 7 and 8 . These figures indicate that the time-series phase value of the mining area and coal fire area are unstable before optimization, and all the time-series phase value appear smooth and stable after optimization. These results show that the phase optimization effect is excellent. VOLUME 7, 2019 From the analysis results presented above, it can be seen that the overall effect of phase optimization is good. Coherence value and time-series phase stability are improved after phase optimization.
C. COMPARATIVE ANALYSIS OF RESULTS
The PSI result in Figure 9 (a) shows PSs are sparse, and can not depict the tendency of subsidence. The maximum subsidence rate is −60 mm/yr. DSI solves the inversion problem of the region with very few persistent scatterers in the field where the distributed region is located. The number of subsidence points combining the PSs and DSs increases from 518 to 64621 compared with PSI, as shown in Figure 9b . It can be seen from the figure that there are two serious subsidence areas A and B in the study area. As can be seen from the figure 1b, A and B are located in the mining area and the fire area respectively. There are 6890 subsidence points in Zone A, the average subsidence rate is −24 mm/yr, the maximum subsidence rate is −92 mm/yr, and the rate of 3389 subsidence points is between −60 mm/yr and −20 mm/yr. Further, the number of subsidence points in Zone B is 3510, the maximum subsidence rate is only −58 mm/yr, and the rate of 2959 subsidence points is greater than −30 mm/yr. It can be seen from the data that the subsidence value caused by coal fires is smaller than the subsidence value caused by mining. In addition, the maximum subsidence rate obtained by DSI is larger than the maximum subsidence rate obtained by PSI. This is because the phase optimization in the DSI process can extract the DSs; more points are beneficial for constructing a dense Delaunay triangulation for phase unwrapping, thus reducing the influence of noise, and finally obtaining large subsidence points.
From the results, DSI has considerable potential and offers significant advantages for dealing with wild area with few PSs, which can significantly increase the number of monitoring points and depict the true subsidence of the study area. To fully exploit the DSI results, the spatial-temporal changes of the two distinct areas of subsidence are studied by highdensity points, which further highlight the superiority of DSI.
D. SPATIAL-TEMPORAL ANALYSIS OF MINING AREA
To observe the spatial-temporal characteristics of the subsidence in the mining area, the cumulative subsidence of each period's image relative to the first period's image was calculated, and 15 images were sampled, as shown in Figure 10 .
It can be seen from the figure that some coal mining areas still lack subsidence points, which may be due to an excessive subsidence gradient or serious loss of coherence. However, from the subsidence points of the inversion, it can be seen that there is a well-developed central subsidence region in the coal mine areas, which concentrates all subsidence points less than −60 mm/yr, and the subsidence around the mining area is relatively flat. To visualize the spatial shape of the mining area more clearly, this study depicts a three-dimensional subsidence rate map of the mining area, as shown in Figure 11 . Figure 11 clearly indicates that there is only one subsidence extension direction in the mining areas showing a distinct subsidence center where the maximum subsidence is −92 mm/yr. There is a corresponding isoline under the three-dimensional map, representing the distribution of the mining area subsidence. The main subsidence area is similar to a flat long ellipse. The subsidence of the edge of the mining area becomes slower and the subsidence of the surrounding area is more regular. To further analyze the time-series characteristics of the coal area, the profiles are depicted in mining area, and the subsidence values corresponding to the profiles are extracted (see Figure 12 ). The base maps of Figure 12 are the last panel of Figure 10 . We extract the cumulative subsidence values of five periods of time relative to the first image for analysis, and the results are shown in Figure 13 . The profile result of a1 shows the change trend from the edge of the mining area to the subsidence center of the mining area, where the stable ground is 0-400 m at the edge of the mining area and the subsidence phenomenon of 600-1300 m begins to be highlighted. Furthermore, the subsidence center of the mining area is 700-1300 m. The subsidence value of each period of the subsidence center is relatively stable, and the subsidence value of each period is calculated. As shown in the figure 13 , the subsidence value develops slowly from −48mm to −171mm. The calculated monthly average subsidence rates between adjacent images are 5.5 mm/month, 4.5 mm/month, 4.2 mm/month, and 4.5 mm/month. Considering the error in the inversion process, it can be seen that the subsidence center of the mining area is nearly in a smooth sinking process with a subsidence rate of 5 mm/month. Moreover, the profile result of a2 shows the same phenomenon, where the individual subsidence values and the a1 profile differ by only 1-2 mm. Therefore, the subsidence of the mining area shows edge stability. The center of the subsidence sinks at a rate of approximately 5 mm/month.
E. SPATIAL-TEMPORAL ANALYSIS OF COAL FIRE AREA
The same approach is applied to the spatial-temporal characteristics of coal fire area subsidence. The time series LOS displacement maps and three-dimensional map are shown in Figures 14 and 15 , respectively. The final panel of Figure 14 shows that there are three subsidence areas in the Miquan fire area. Among them, area 2 is the most serious subsidence and area 3 has the slightest subsidence. From the time-series change, the subsidence of area 2 is the earliest, followed by areas 1 and 3. From the three-dimensional subsidence rate map of the fire area, it can be clearly seen that there are three subsidence areas with different degrees of development. Further, it can be observed that the isoline of the subsidence centers of regions 1 and 2 are dense while the isoline of region 3 are sparse. Moreover, the isoline of the fire subsidence center and surrounding area is not as regular as that of the mining area, which indicates that the land subsidence caused by coal fire is relatively irregular. In contrast to the single subsidence extension direction of the mining area along the goaf, the subsidence area of the fire area can follow several different subsidence extension directions with the spread of the coal fire and the extent of the coal fire combustion.
The time-series characteristics of the coal fire subsidence area are analyzed from the two profiles b1 and b2 in Figure 16 . The b1 profile passes through coal fire subsidence zones 1 and 2. It can be seen from Figure 17a that the phenomenon of subsidence in the first three stages is not obvious; in particular, in the second and third stage, there is nearly no sinking value. This phenomenon may occur because the combustion space area generated by the coal fire is not sufficiently large and the rock layer does not reach the maximum bearing pressure of the overlying rock. The fourth and fifth stage have obvious subsidence, while the subsidence speed is more complicated and there is no near-uniform subsidence process similar to that in the abandoned mining areas. Moreover, the b2 profile passes through coal fire subsidence zones 2 and 3 (see Figure 17b ). The first three stages of subsidence similar to b1 profile, and the fourth and fifth stage have obvious subsidence (The left side of the profile result of b2). The profile result of b2 shows that there is an obvious subsidence zone in the 500-1000 m section. The obvious subsidence zone is located in coal fire subsidence zone 2, and the cumulative subsidence value is 138 mm. The cumulative subsidence value in the 1250-2500 m section of coal fire subsidence zone 3 is only around 80 mm, and the fourth and fifth stage image subsidence are not obvious. We got the true information from the Xinjiang Coalfield Fire Extinguishing Engineering Bureau, the grouting and water injection fire extinguishing project on the east side of the Miquan fire area began in 2016, namely the coal fire subsidence area 3 in the figure16. Grouting is a process of filling the underground cavity with slurry water to expand it. It increases the pressurebearing capacity of the overlying rock and slows down the subsidence rate. In theory, it can block the cracks and other gaps, thereby preventing air from entering the channel of the underground coal fire area. Thus, in conjunction with the water injection project, it can yield good fire-extinguishing effects [2] . From the experimental results, the subsidence values of the fourth and fifth stages of coal fire subsidence area 2 without the fire extinguishing project reached 40 mm while the subsidence values of the fourth and fifth stages of coal fire subsidence area 3 with the fire extinguishing project was small. Furthermore, grouting will slow down the ground subsidence and block the air entering the underground space. However, if the coal fire is re-ignited, it can gradually form a combustion space area and lead to subsidence again. The experimental results show that there is nearly no subsidence in the fourth and fifth periods (approximately 10 months) of the coal fire subsidence area 3 after the fire extinguishing project, indicating that the fire extinguishing project has a better effect. extinguished naturally and some have been extinguished artificially. So we need to identify areas that are still burning. In this paper, DSI is used to obtain subsidence information from 2015 to 2017. Based on the above analysis, we delineated three coal fire areas using subsidence information (see Figure18). The measured data come from the census report of 2016 and coal fire points are obtained by drilling technology. After verification with the measured data, we can see that the delineated fire area contains all the measured coal fire points. Only one coal fire point is at the edge of the subsidence area, and the rest is inside the subsidence area. In addition, we can find that coal fire area 2 has the largest number of coal fire points. At the same time, it is also the most obvious area of subsidence. This phenomenon seems to indicate that the distribution of coal fire points has a certain correlation with the severity of the subsidence. Finally, it is worth mentioning that the fire extinguishing zone is on the right side of the coal fire zone 3 and is advancing to the left side. Therefore, the coal fire subsidence in zone 3 becomes slower. In summary, the coal fire area delineated in this paper is consistent with the 2016 fire area census, and the fire extinguishing area is also located in coal fire area 3. The result shows that this method can accurately, real-time and efficiently identify the coal fire area, which is of great significance to fire extinguishing engineering.
V. DISCUSSION

A. ADVANTAGES OF DSI TECHNOLOGY
After SHP identification and phase optimization, DSI can fully exploit the DSs, and it combine the PSs obtained by the traditional method to jointly expand the number of measuring points as well as the spatial coverage density. Thus, it can facilitate analysis of the deformation characteristics of the target area and overcome the drawbacks of traditional timeseries InSAR. In addition, it can be seen from the distribution of the SHP that the number of SHPs in the bare land area around the building is significantly greater than that in the bare land area in wild area (see Figure 4b ). From the field survey, many bare land areas around the building are compacted dirt roads with low vegetation cover. In addition to loose soil, the bare land area in wild area includes weathered gravel and weeds, and the vegetation density is different, which reduces the stability of the phase signal of some lowcoherence areas [43] . As a result, the number of SHPs in the surrounding bare land of the building area is more than that in the wild bare land area. To overcome the influence of vegetation, such as low weeds, more penetrative L-band SAR data can be added later, which is less affected compared to C-band data with low vegetation [44] . Furthermore, owing to the advantages of DSI technology, there are more measuring points, which are more conducive to the detection of surface deformation in the fields suspected of having coal fire areas.
B. COAL FIRE SIGNAL IDENTIFICATION
The experimental results suggest that the three subsidence areas in the coal fire area contain all the known coal fire points, indicating that DSI can clearly depict the coal fire distribution, while the correlation between the coal fire point distribution and the subsidence severity is uncertain. From the verification results, the most serious coal fire subsidence area also has the most coal fire points. It seems that there is a certain correlation between them. But there are still some problems that should be considered. It is known that the coal fire points in the fire area obtained by drilling, and the drilling technology is not appropriate for high-density coal fire detection [45] . Therefore, the known coal fire points do not represent all the coal fire locations. In addition, the subsidence of the coal fire area is caused by huge underground hollow spaces, but the hollow spaces in serious subsidence areas may be caused by combustion, or a large goaf may be formed by previous mining [46] . In the latter case, only a small combustion space area is needed. Then the gravity of the rock layer is likely to be larger than the overlying rock stress such that subsidence may occur. Therefore, this is a more complicated situation, and the specific correlation require further investigation.
C. SPATIAL-TEMPORAL CHARACTERISTICS OF MINING AND COAL FIRE SUBSIDENCE
A certain degree of subsidence occurs in both the abandoned mining area and the coal fire area, while the magnitude of the subsidence and the spatial-temporal dynamic changes of the subsidence differ. From the above result we can know the first difference is the number of subsidence centers. Specifically, the mining area has only one obvious subsidence center, however, in the coal fire area, there are several subsidence centers, where the subsidence is diffusive. The second difference is complexity of surface subsidence. Specifically, the subsidence of the mining area edge is slow and stable. The land subsidence is more regular, and the isolines are more uniform. But, the isolines of the coal fire area subsidence edge and surrounding areas are irregular. The land subsidence in coal fire area is more complex. The third difference is subsidence rate. Specifically, the mining area presents a phenomenon of approximately uniform sinking while the coal fire area subsidence is similar to accelerated sinking
D. THE REASON FOR THE DIFFERENCE
The reason of the fisrt difference is the mining area will only subside along the goaf, while the study area has only one goaf [47] , [48] . However, in the coal fire area, there are several subsidence centers, where the subsidence is diffusive. Because there are many burning areas in the fire area, the fire will spread. Thus, multiple combustion space area will be formed, resulting in multiple subsidence centers. The reason of the second difference is the coal area is an old goaf, and the overlying rock stress is relatively stable. But the development velocity and position of the combustion space area are affected by the degree of coal fire combustion and the position of the coal seam. In addition, the coal fire bakes the rock and breaks it, leading to differences in the bearing capacity of the overlying rock [49] . The above two reasons lead to irregular ground isoline and more complex land subsidence. Furthermore, it is worth mentioning that there is only one goaf in the abandoned mining area of the study area. If there are multiple goafs, there will be multiple subsidence centers, but the land subsidence will still be more regular than the land subsidence caused by coal fires. This is because there will be no fire spread, fire damage to the bearing capacity of the overlying rock, etc., in the mining area, so it will not further lead to complex land subsidence. The reason of the third difference is that the old goaf is fixed. The rock layer stress is gradually restored to equilibrium. And the local weather is hot and dry, so we can neglect humidity of mine atmosphere and moisture softening of rock materials effect on rock strength [50] , [51] . While the formation of the combustion space area requires a certain amount of time. Therefore, the subsidence is not obvious during the period when the combustion space area is developed until the overlying rock stress is insufficient. Then, there can be a significant subsidence.
VI. CONCLUSION
In this paper, a coal fire area identification and monitoring method based on DSI technology is proposed. In order to make full use of DS for interferometry, the two-sample t-test and the coherence matrix EVD combination method were used for SHP identification and phase optimization, respectively. 38 Sentinel 1-A images from 2015 to 2017 were used to monitor Miquan coal fire zone. Compared with the PSI, the proposed method showed a significant improvement in terms of the number and density of monitoring points, and it clearly depicted the subsidence trend of coal fire areas. Moreover, it can also provide a possibility to distinguish the subsidence caused by mining and coal fires.
Through spatial-temporal analysis of surface deformation in the study area, the major findings are as follows. (1) The number of subsidence centers is different. The number of subsidence centers in mining area is the same as that of goafs (only one goaf in this paper), while there are three subsidence centers in the coal fire area, and the subsidence is diffusive.
(2) The shapes and complexities of subsidence areas are different. The shape of the main subsidence area in the mining area is similar to a long ellipse. The edge subsidence of the mining area is slow and the overall subsidence is regular. The shape of coal fire subsidence area is irregular. The isoline of coal fire area was dense and complicated, regardless of which it was the coal fire subsidence center or the edge area. The subsidence phenomenon is even more complex.
(3) Subsidence rate is different. The subsidence center of the mining area settled at a constant speed of 5 mm/month in the period from 2015 to 2017, while the coal fire subsidence area will take a certain time to form a combustion space area, and the subsidence will change from slow to fast, approximating a process of accelerated subsidence.
According to the above three points, the subsidence caused by mining and coal fire is distinguished, and the coal fire area is determined by using DSI high-density monitoring points. The results show that the area contains all measured coal fire points, which proves the effectiveness of the proposed coal fire monitoring technology. This technology can better solve the problem of distinguishing abandoned mining areas and fire areas by using subsidence information, and further improve the ability of identifying and monitoring coal fire areas by using InSAR subsidence results. At the same time, the analysis based on the subsidence results can provide important information for predicting the burning time and intensity of coal fires. His main research interests include interferometric synthetic aperture radar and its application in mining, urbanization, and glacier motion monitoring studies.
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